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CONFIDENCE INDICATORS FOR
AUTOMATED SUGGESTIONS

TECHNICAL FIELD

The disclosure relates to classitying information and pro-
viding recommendations based on such classification.

BACKGROUND

The increased capability of computers to store vast
amounts of on-line information has led to an increasing need
for efficient data classification systems. Data classification
systems are especially needed for natural language texts (e.g.
articles, faxes, memos, electronic mail, etc.) where informa-
tion may be unstructured and unassociated with other texts.
The effect of this 1s that users are forced to siit through the
increasing amount of on-line texts to locate relevant informa-
tion. Users require that classification systems provide usetul
information under particular circumstances and distinguish
usetul information from other information.

SUMMARY

Systems, computer program products, and associated
methods provide for selecting between manual and automatic
operating modes based upon previous experience as quanti-
fied by confidence indicators. Confidence indicators are val-
ues that may each represent a likelihood that an associated
candidate class or candidate object matches an incoming
message, for example. Confidence indicator values may be
updated according to previous manual selections or rejections
of the associated class or object, for example. In an exemplary
response management system, the selections may be for
modes of operation that relate to classification of an incoming,
message, and/or suggestion of objects, for example.

A system 1s also disclosed to provide intelligent classifica-
tion services. The system includes a classifier that provides
one or more recommendations based on an Incoming mes-
sage. The system may include a user application that allows
an 1coming message to be processed by the classifier and
may be utilized to respond to incoming messages.

Various aspects of the system relate to providing recom-
mendations and responding to incoming messages. For
example, according to one aspect, a method includes receiv-
ing a message icluding a request for information, classitying
the request for information based upon features of the mes-
sage, and providing a recommendation based upon the clas-
sification of the message.

In some 1mplementations, providing a recommendation
may include providing a solution based on a problem descrip-
tion contained 1n the incoming message. In other implemen-
tations, the recommendation may be a list of 1dentifiers, each
of which corresponds to a respective group of one or more
suggested persons or entities knowledgeable about subject
matter 1n the problem description.

In another aspect, a method includes comparing the request
for information with previous requests for information, and
determining which previous requests are most similar to the
request for information.

In another aspect, a method includes providing a recom-
mendation by generating a classification result using as input
a list of previous requests for information, calculating an
accuracy measure using class-weights associated with the
candidate classes present 1n the mput, and comparing the
accuracy measure to a predetermined value.
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In some 1mplementations, the method may also include
displaying a class-score indicating a text-mining similarity of
a class with the request for information, displaying messages
from the candidate classes, sending a recommendation based
on the accuracy measure and the predetermined value com-
parison and routing the message to an expert to associate a
response.

In another aspect, a method includes associating a class
with the message and associating a tag value to a class-
equivalent as indicia of relevance to a class-center.

A system, as well as articles that include a machine-read-
able medium storing machine-readable instructions {for
implementing the various techniques, are disclosed. Details
of various implementations are discussed in greater detail
below.

In some implementations, such as 1n a customer interaction
center context, for example, the system may provide solution
recommendations to customers based on an accurate classi-
fication of customer problem descriptions, sent via e-mail or
any other communications medium, to problems most similar
in meaning. The system may provide routing services
whereby problem descriptions may be classified and routed to
an agent most competent and familiar with the customer
problem.

Over time, some responses may be automatically gener-
ated for problem descriptions that have previously been
manually classified and associated with solution objects. The
process of collecting and updating statistics to determine
when to transition from manual to automatic generation may
be automated. The decision about whether to automatically
respond may be made accurately and reliably based on sta-
tistics from previous decisions relating to classification and/
or response object selection. The statistics may further be
used by a system maintainer to 1identify ways in which the
system, classifications, and response object definitions may
be adapted to operate more efficiently. Accordingly, produc-
tivity may be increased, response time may be decreased,
and/or response quality may be improved.

-

The system may also be used 1n the context of a sales
scenar1o. For example, 1 a customer sends a message that
contains product criteria relating to a purchase, the system
may match such product criteria with product descriptions in
a product catalog or with other examples of customer product
descriptions to facilitate the sale. The system may also pro-
vide cross-sell recommendations for additional purchases.
Routing services also may be provided so that the most etfec-
tive sales agent knowledgeable regarding a particular product
1s assigned.

Additional features will be readily apparent from the fol-
lowing detailed description, the accompanying drawings and
the claims.

BRIEF DESCRIPTION OF DRAWINGS

FIG. 1 1llustrates a computer-based system for intelligent
classification.

FIG. 2 1llustrates a maintainer user interface.

FIG. 3 illustrates a display screen to process incoming
messages.

FIG. 4 illustrates a solution search display for responding
to Incoming messages.

FIG. § illustrates a flow chart for the classification process
implemented by the classifier.

FIG. 6 1llustrates a system for auto-responding to incoming,
messages using confidence idicators.
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FIG. 7 illustrates a flow chart for a method of automated
response using confidence indicators.

DETAILED DESCRIPTION OF ILLUSTRATIV.
EMBODIMENTS

(L]

As shown 1n FIG. 1, a computer-based system provides for
intelligent classification services. The system 1s designed to
provide automatic recommendations based upon a classifica-
tion of an incoming message. For example, 1n one implemen-
tation, the system may provide recommended solutions to a
given problem description contained in the imncoming mes-
sage. In another implementation, the system may provide a
suggestive list of persons or entities given a request for infor-
mation contained in the incoming message. Such systems are
described in commonly-assigned co-pending application Ser.
No. 10/330,402, filed on Dec. 27, 2002, by C. Ronnewinkel
and M. Kaiser.

As shown 1n FIG. 1, the system includes a knowledge base
10 that serves as a repository of information. Although only a
single knowledge base 10 1s illustrated in FIG. 1, the system
may be configured to support multiple knowledge bases. The
knowledge base 10 may include a collection of documents
such as electronic mail (e-mail message), web pages, business
documents, faxes, etc. that may be searched by users. In one
implementation, the knowledge base 10 stores authoritative
problem descriptions and corresponding solutions. Each
problem description and corresponding solution stored in
knowledge base 10 represents a particular class of problems
and may be dertved from a previous request for information.
Because of this, each problem description and 1ts correspond-
ing solution stored 1n knowledge base 10 may be referenced
to as a class-center.

A repository for collected examples 20 1s provided that
stores non-authoritative semantically equivalent problem
descriptions and pointers to corresponding solutions stored 1n
knowledge base 10. Each non-authoritative semantically
equivalent problem description and pointer may be refer-
enced to as a class-equivalent and may be dertved from a
previous request for information. In one implementation, the
determination of class-equivalents may be determined by an
expert 110 or by an agent 120. For example, 1n a call center
context, the expert 110 may be an individual familiar with the
subject topic of an unclassified problem description.
Although only a single expert and agent are illustrated 1n FIG.
1, the system may be configured to support multiple experts
and agents.

A maintainer user interface 30 may be provided that allows
a user to edit problem descriptions stored in both the reposi-
tory of collected examples 20 and knowledge base 10. The
user of the interface 30 may be, for example, a knowledge
engineer 130 responsible for post-processing and mainte-
nance of class-equivalents stored in the collected examples
repository 20 and class-centers stored 1n knowledge base 10.
In one implementation, the knowledge engineer 130 may be
responsible for creating additional class-equivalents and edit-
ing unclassified problem descriptions to better serve as class-
equivalents. In other implementations, maintenance of the
collected examples repository 20 and knowledge base 10 may
be performed automatically.

Referring to FIG. 2, the maintainer user interface 30 1s
illustrated. In one implementation, a list of class-centers 132
stored 1n knowledge base 10 may be displayed. The knowl-
edge engineer 130 may select a class-center from the list of
class-centers 132. Once the knowledge engineer presses a
first select button 131, the maintainer user interface 30 may
display the problem description relating to the selected class-
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center 1n an editable problem description area 136 and any
class-equivalents associated with the selected class-center 1n
a list of class-equivalents 138. The knowledge engineer 130
may toggle between the class-center problem description and
class-center problem solution by selecting problem descrip-
tion button 135 and problem solution button 134. The knowl-
edge engineer 130 may select a class-equivalent from the list
of class-equivalents 138 and press a second select button 140.
Once second select button 140 1s selected, the maintainer user
interface 30 may display the equivalent problem description
relating to the selected class-equivalent in an editable equiva-
lent description area 142.

The maintainer user intertace 30 provides save functions
144, 146 that store edited problem descriptions in knowledge
base 10 and equivalent problem descriptions in the collected
examples repository 20. The maintainer user interface may
provide create Tunctions 148, 150 that generate class-centers
in knowledge base 10 and class-equivalents 1n the collected
examples repository 20. Furthermore, the maintainer user
interface 30 may provide delete functions 152, 154 to remove
class-centers from knowledge base 10 and class-equivalents
from the collected examples repository 20 and a reassign
function 156 that may associate an already associated class-
equivalent to another class-center.

The maintainer user interface 30 also may provide state
information regarding class-equivalents stored in the col-
lected examples repository 20. The state of a class-equivalent
may be, for example, “valuable” or “irrelevant.” The knowl-
edge engineer may decide which of the collected examples
are “valuable” by accessing a state pull-down menu 158 asso-
ciated with each class-equivalent and selecting either the
“valuable” or “irrelevant” option.

Referring to FIG. 1, an indexer 50 1s provided that trans-
forms ‘‘valuable” class-equivalents stored in collected
examples repository 20 and class-centers stored 1n knowledge
base 10 into valuable examples 40, which may also be
referred to as a text-mining index, which may be used as input
by a classifier 60 to provide automatic solution recommen-
dations. In one implementation, the indexer 50 may be
invoked from the maintainer user interface 30. Other imple-
mentations may invoke the indexer 50 depending on the num-
ber of new or modified class-equivalents stored 1n the col-
lected examples repository 20 or class-centers stored in the
knowledge base 10.

A user application 131 provides access to problem descrip-
tions and solutions 1n knowledge base 10 and collects class-
equivalents for storage in the repository for collected
examples 20. In one implementation, the system may be used
by agent 120 and expert 110 to respond to incoming customer
messages. In other implementations, user application 131
may be provided directly to customers for suggested solu-
tions.

The user application 131 provides an e-mail screen 70 and
a solution search display 105 comprising a manual search
interface 90, a solution cart component 100, and search result
arca 80 which displays auto-suggested solutions as well as
solutions from manual search interface 90.The user applica-
tion 131 may be utilized by both an expert 110 and an agent
120 to respond to problem descriptions. Although only a
single expert and agent are illustrated 1n FIG. 1, the system
may be configured to support multiple experts and agents. In
one implementation, the expert 110 may be an individual
possessing domain knowledge relating to unclassified prob-
lem descriptions. The agent 120 may be a customer 1nteract-
ing directly with the system or a person interacting with the
system on behalf of a customer. Other implementations may
blend and vary the roles of experts and agents.
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In an 1llustrative example, a customer may send a request
for information including a problem description to the system
via an electronic message. An e-mail screen 70 may be imple-
mented where the agent 120 may preview the incoming elec-
tronic message and accept 1t for processing. Once an 1ncom-
ing message has been accepted, the classifier 60 of the
intelligent classification system may be mmvoked automati-
cally and suggest one or more solutions from knowledge base
10 using text-mining index 50. In one implementation, the
system may automatically respond to the incoming message
based upon a level of classification accuracy calculated by the
classifier 60. In other implementations, agent 120 and expert
110 may respond to the incoming message based upon one or
more solutions recommended by classifier 60.

FIG. 3 illustrates an implementation of an email screen 70
that may be accessed by agent 120. The display may include
areas for an electronic message header 160 including infor-
mation about the source, time and subject matter of the elec-
tronic message. An electronic message text area 162 may be
used to display the problem description contained in the elec-
tronic message. Upon acceptance of the electronic message,
the classifier 60 may process the electronic message and
generate one or more recommended solutions. In one 1mple-
mentation, the number of recommended solutions by the
classifier may be displayed as an electronic link 166. Select-
ing electronic link 166 triggers navigation to the solution

search display 105 shown 1n FIG. 4 described below. After

having selected suitable solutions on the solution search dis-
play 105, the selected solutions appear on the email screen 70
in an attachments area 164. The objects 1n the attachments
area 164 of display 70 are sent out as attachments to the email
response to the customer.

FI1G. 4 illustrates an example of the solution search display
105 that also may be used by agent 120 and expert 110 to
respond to electronic messages. In one implementation, rec-
ommended solutions 170 by classifier 60 may be displayed in
search result area 80.

For situations where recommended solutions do not match
the problem description suificiently, a manual search inter-
face 90 of solution search display 105 1s provided. The
manual search interface 90 may be used to compose and
execute queries that retrieve manual solutions 171 (1.e., class-
centers) from knowledge base 10.

A class-score 172 indicating the text-mining similarity of
the recommended solution to the electronic message also may
be provided. In addition, the solution display 105 also may
provide drilldown capabilities whereby selecting a recom-
mended solution 1n the search result area 80 displays detailed

problem descriptions and solutions from knowledge base 10
identified by classifier 60.

A solution cart component 100 of solution search display
105 provides a method for collecting and storing new candi-
dates of class-equivalents 1n collected examples repository 20
and responding to customers with selected solutions. One or
more recommendations 1dentified in search result arca 80
may be selected for inclusion 1n the solution cart component
100. In one implementation, storing class-equivalents may be
done 1n explicit form by posing questions to expert 110. In
other 1mplementations, storing class-equivalents may be
done 1n an implicit form by observing selected actions by
expert 110. Selected actions may include responding to cus-
tomers by e-mail, facsimile (fax), or web-chat. Either method
of feedback, implicit, explicit, or both may be supported by
the system.
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6
Classification Module

Reterring to FIG. 1, the classifier 60 provides case-based
reasoning. The classifier 60 may use the k-nearest-neighbor
technique to match a problem description contained in an
clectronic message with the valuable examples stored in form
of a text-mining index 50. The classifier 60 may use a text-
mining engine to transform the problem description into a
vector, which may be compared to all other vectors stored in
text-mining index 50. The components of the vector may
correspond to concepts or terms that appear in the problem
description of the electronic message and may be referred to
as features.

The classifier 60 may calculate the distance between the
vector representing the customer problem and each vector
stored 1n text-mining index 50. The distance between the
vector representing the customer problem description and
vectors stored 1n text-mining index 50 may be indicative of
the stmilarity or lack of similarity between problems. The k
vectors stored 1n text-mining index 50 (1.e. class-centers and
class-equivalents) with the highest similarity value may be
considered the k-nearest-neighbors and may be used to cal-
culate an overall classification accuracy as well as a scored list
of potential classes matching a particular problem descrip-
tion.

Referring to FI1G. 5, a flow chart 200 of an implementation
of the classifier 60 1s 1llustrated. An electronic message 1s
recerved 202 that 1s not associated with a class where a class
1s an association ol documents that share one or more fea-
tures. The message may include one or more problem
descriptions.

The classifier 60 transforms the message nto a vector of
teatures 204 and may calculate a classification result 206 that
includes a list of candidate classes with a class-weight and a
class-score for each candidate class, as well as an accuracy
measure for the classification given by this weighted list of
candidate classes.

For each neighbor d, (where 1=1, . . . , k), the text-mining
search engine may yield the class c, to which the neighbor 1s
assigned to and a text-mining score s, that may measure the
similarity between the neighbor and the unassociated mes-
sage. Within the k-nearest-neighbors of the unassociated
message, only K<k distinct candidate classes vy, (where j=
1,...,K)are present.

Based on the above information of the k-nearest-neigh-
bors, the classifier 60 may calculate the classification result.
In one implementation, the classification result may include a
class-weight and a class-score.

The class-weight w, may measure the probability that a
candidate class y, 1dentified 1n text-mining index 50 1s the
correct class for classification. In one implementation, class-
weilghts may be calculated using the following formula:

Class-weights proportional to text-mining scores for ] 1n
thesetof 1, ..., K:

W, = ZS;/ZS;

€;=C;

(summed over i=1, ... , k)

In other implementations, class-weights also may be cal-
culated using text-mining ranks from the text-mining search
assuming the nearest-neighbors d. are sorted descending 1n
text-mining score. Class-weights using text-mining ranks
may be calculated using the following formula:
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Class-weights proportional to text-mining ranks for j in the
setof' 1,...,K:

k+1—1
Ck(k+1)

J

w; = Z (k+1—f)/Z(k+1—f):2
i=e; ;

(summed overi=1, ..., k)

j=¢

The classifier 60 also may calculate an accuracy measure o
that may be normalized (1.e. 0=0=1) and that signifies the
reliability of the classification.

Class-weights also may relay information regarding how
candidate classes y; are distributed across the nearest-neigh-
bors and may be used as a basis to calculate an accuracy
measure. For example, normalized entropy may be used in
combination with definitions of class-weights using the fol-
lowing formula for classification accuracy:

K
o™ =1-5/S5,.. =1 +ijlmgnw-,
=1

where n=k for a global accuracy measure; and n=x for local
accuracy measure.

The global accuracy measure may take into account all
classes, while the local accuracy measure may only account
for classes present 1n the k-nearest-neighbors.

The classifier 60 may also calculate class-scores which
may be displayed to agent 120 and expert 110 to further
facilitate understanding regarding candidate classes and their
relatedness to the unassociated message. In contrast to the
normalized class-weights, class-scores need not sum to one 1
summed over all candidate classes.

For example, 11 the focus of the user 1s on classification
reliability, classifier 60 may set the class-score equal to class-
weilghts. Alternatively, 11 the focus of the user 1s on text-
mimng similarity between candidate classes and the unasso-
ciated message, the classifier 60 may allow the class-score to
deviate from the class-weights. In one implementation, the
class-score t, may be calculated as an arithmetic average of
the text-mining scores per class using the following formula
(foreachjinthesetof 1, ..., K):

I = E 55/21
Goc; TS

(summed overi=1, ... , k)

In another implementation, class-score may be calculated
as the weighted average of the text-mining scores per class

using the following formula (for each j mmthe setof 1, . . ., K):
j = Z(Sf)z/ Z S
C;=c; “ITC
(summed overi=1, ..., k)

In other implementations, class-score may be calculated as
a maximum of text-mining scores per class using the follow-
ing formula (for each jinthesetof 1, ..., K):
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[; = max (S;)
"':.E._ﬂj.

(evaluated overi=1, ... , k)

The class-score calculated by the arithmetic average may
underestimate the similarity between the class and the unas-
sociated message 11 the variance of the text-mining scores in
the class 1s large. In contrast, the class-score calculated as a
maximum text-mining score per class may overestimate the
similarity. The class-score calculated as the weighted average
may be a value between these extremes. Although three class-
score calculations have been disclosed, classifier 60 may
support additional or different class-score calculations.

Referring to FIG. 5, the classifier 60 may determine i1 the
classification 1s accurate 212 based upon the calculated accu-
racy measure. In one implementation, the classifier 60 auto-
matically selects 214 a response to the mncoming message
incorporating a solution description. If the classification 1s
inaccurate 210, based upon the accuracy measure value, the
classifier 60 may display 216 class-centers and class-equiva-
lents and allow the agent 120 and expert 110 to manually
select 218 a response including a solution description from
the classes displayed.

The intelligent classification system provides generic clas-
sification services. In one implementation, for example, the
system may serve as a routing system or expert finder without
modification. The system may classily problem descriptions
according to the types of problems agents have solved so that
customer messages may be automatically routed to the most
competent agent. The recommendation also may be a list of
identifiers, each of which corresponds to a respective group of
one or more suggested persons or entities knowledgeable
about subject matter in the problem description.

The system, however, 1s not limited to incoming problem
descriptions. In one implementation, the system may be used
in a sales scenario. For example, the system may classity an
incoming customer message containing product criteria with
product descriptions in a product catalog or with other
examples of customer descriptions of products to facilitate a
sale.

Confidence Indicators

Some 1ntelligent classification systems may evaluate clas-
sification accuracy and/or response object selection accuracy
by evaluating statistics for prior decisions relating to the
classification and response object selection processes. Using
figures of merit referred to herein as confidence indicators,
the accuracy of these processes may be quantified. In one
embodiment, the accuracy may be used to determine whether
a classification, such as a candidate class 1n a response man-
agement system, may be automatically suggested. In another
embodiment, the accuracy may be used to determine whether
an object, such as a response object 1n a response manage-
ment system, may be automatically suggested. In other
embodiments, the accuracy may be used to determine
between automatic and manual modes of operation for both
classification and object suggestion.

The value of a confidence 1ndicator for a response object,
for example, may be based on the number of times that the
response object has been manually accepted by an agent,
compared to the number of times 1t has been suggested by the
intelligent classification system. As statistical data accumu-
lates over time, confidence indicators may be updated accord-
ing to one of a number of mathematical models. For example,
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cach time a suggestion 1s manually accepted, the confidence
indicator associated with that suggestion may be incremen-
tally increased by a predetermined amount, which may be
fixed, exponentially varying, or the like. In some implemen-
tations, a particular suggestion may be automatically gener-
ated 11 the confidence indicator exceeds a predetermined
threshold. As such, confidence indicators may be used to
reduce or eliminate manual mvolvement 1n the process of
responding to problem descriptions that are associated with
classifications and/or response objects that have a suificiently
high confidence indicator.

In an 1llustrative example, an exemplary response manage-
ment system may receive incoming messages that the system
classifies 1nto one or more categories. The categories may be
arranged 1n a hierarchical structure, as described 1n com-
monly-assigned co-pending U.S. application Ser. No. 10/822,
363, filed Apr. 12, 2004, by C. Ronnewinkel, et al., the entire
contents of which are mcorporated by reference. Each cat-
egory may be associated with (1.e., linked to) one or more
solution objects (e.g., candidate responses ). Confidence 1indi-
cators may be associated with at least some of the category-
solution links. In response to an incoming message that 1s
classified into one or more categories, for example, the sys-
tem may evaluate the confidence indicator values for each
link associated with one of the selected categories, or with a
response object, for example.

FIG. 6 1llustrates a system 600 that incorporates confidence
indicator functionality 1n an embodiment of a response man-
agement system. The system 600 includes an embodiment of
the classifier 60. In this embodiment, the classifier (or classi-
fication module) 60 1s combined with an auto-suggestion
module 610 to provide a recommendation module 6035, the
operation of which will be described 1n detail with reference
to FIG. 7. The classifier module 60 may receive as input
messages that have, for example, textual content that may be
classified, as described elsewhere herein, according to infor-
mation stored 1n a classifier repository (not shown), such as
the text miming index 50 (FIG. 1).

To provide for the use of confidence indicators 1n the mod-
ules 60, 610, the recommendation module 605 1s coupled to
access a confidence indicator repository 615, which contains
information relating to previous classification and auto-sug-
gestion decisions that may have been made by the classifier
module 60 and the auto-suggestion module 610, respectively.
In addition to historical information, the confidence indicator
repository 615 may store imnformation that relates to, for
example, the maintenance, updating, or imitialization of indi-
vidual confidence indicators. Tables, metadata, and/or point-
ers to associated information in other databases, such as those
containing classification or response object information, may
also be associated with the confidence indicator repository
615.

The output of the recommendation module 605 may
include a classification accuracy (o) (e.g., calculated accord-
ing to the formula discussed above) from the classifier mod-
ule 60, and an auto-suggestion accuracy (o') from the auto-
suggestion module 610. This output 1s received by a decision
module 620, which determines whether the candidate classes
or auto-suggested response object candidates are accurate
enough to allow an automated response 1n which no manual
intervention steps need be performed by an agent.

The decision module 620 1s coupled to a response module
625 and an agent selection user interface (UI) 630. If the
decision module 620 determines that the accuracy W(o,0') 1s
suificient to permit an auto-response, then the response mod-
ule 625 may process and send the selected auto-suggested
classification or response object. However, if the decision
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module 620 determines that the accuracy W(o,0") 1s not sul-
ficient to permit an auto-response, then the agent selection Ul
630 may prompt the agent for, and recerve, manual mput to
select or prepare an appropriate response object to pass to the
response module 625 for processing and sending.

In the event that the agent selection Ul 630 1s activated, the
resulting selection data 1s reported to an update module 635.
In the update module, statistical information 1s recorded and
processed to reflect the agent’s selection. In particular, the
confldence indicators associated with the classification and/
or auto-suggested response object(s) either selected or
rejected by the agent are updated according to an update
algorithm, examples of which are described below. Updated
information may be stored in the confidence indicator reposi-
tory 613.

The exemplary system 600 may be operated according to a
method described by a flowchart 700 as shown in FIG. 7. The
flowchart describes an exemplary run-time method that may
be performed to compute, update, and apply confidence indi-
cators to determine whether to auto-respond to mmcoming
messages.

The method starts at step 705 in response, for example, to
receipt of an incoming message. The classifier module 60
classifies the message at step 710 according to a prescribed
classification method (e.g., example-based classification
combined with query-based classification). This classifica-
tion of this example vields, at step 715, a list of candidate
classes. For each class (1), a score (s_1) (e.g., calculated
according to one of the formulae discussed above) that 1ndi-
cates how well the textual content fits the class may be deter-
mined according to methods described elsewhere herein. For
cach class, a confidence indicator (g_1) that indicates how
often the class was correctly (i.e., successiully) suggested 1n
the past 1s determined based on information stored in the
confidence indicator repository 615. Weights(w_i1=w(s_1,

_1)) are determined (e.g., computed) as a function of the
scores and confidence indicator for each candidate class.

In addition, at step 720, the classifier module 60 determines
a classification accuracy (o) (e.g., calculated according to the
formula discussed above) that describes how clear-cut the list
ol candidate classes can be represented by a single class.

For example, 1f the candidate classes comprise a chain of
sub-classes 1n which all candidate classes lie on the same path
in the class hierarchy, then there 1s no ambiguity for the
system 1nto which path the incoming message {its into. From
the systems perspective, the classification 1s maximally accu-
rate. As such, the classification accuracy may be determined
to have a maximum value (e.g., 0=1), and the lowest-level
class 1n this chain may be regarded as the focus class giving
the most detailed classification.

The list of candidate classes, class scores s 1, and/or
welghts w_1, are passed to the auto-suggestion module 610
for processing at step 7235. The auto-suggestion process
yields, at step 730, a list of candidate objects for suggestion.
For each candidate object (3), a confidence indicator (q'_j) that
indicates how often the object was correctly (1.e., success-
tully) suggested 1n the past 1s determined based on 1nforma-
tion stored in the confidence indicator repository 615.
Weights (w'_j=w'(w_1, q'_j)) (e.g., calculated according to
the weight formula discussed above) are determined (e.g.,
computed) as a function of the scores and confidence 1ndica-
tor for each candidate object.

In addition, at step 735, the auto-suggestion module 610
determines an auto-suggestion accuracy (o') (e.g., calculated
according to the formula discussed above) that describes how
clear-cut the list of candidate objects can be represented by a
single object.
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At step 740, the decision module 620 evaluates the classi-
fication accuracy (0) and the auto-suggestion accuracy (')
against one or more predetermined criteria, or thresholds. In
this example, the decision module compares a threshold value
(W_threshold) to a function (W(o,0')), which may be a
weighted function, for example, of the classification and
auto-suggestion accuracies. In an alternative example, the
classification and auto-suggestion accuracies may be inde-
pendently compared to two independent thresholds that may
be set to ditferent values. I the decision module 620 deter-
mines that the accuracy W(o,0') 1s sulficient to permit an
auto-response, then the response module 6235 may set class or
response to the selected auto-suggested classification or
response object at step 745.

However, i1 the decision module 620 determines at step
740 that the accuracy W(0,0") 1s not suificient to permit an
auto-response, then, at step 750, the agent selection UI 630
may check with the agent to determine 11 the auto-suggested
class or response are acceptable. I1 the agent rejects the sug-
gested class or response object, then the update module 635 1s
prompted to update the rejected confidence indicator g_1 at
step 755 by incrementally decreasing the value of g_1, and, at
step 760, setting the class or response to the agent-selected
classification or response object. However, 1f the agent
accepts the suggested class or response object, then the
update module 635 1s prompted to update the rejected confi-
dence indicator g_1 at step 765 by incrementally increasing
the value of g_1, and, at step 743, setting the class or response
to the agent-selected classification or response object.

Having set the class or response in either step 745 or step
760, the response module 625 processes the class or sends the
response 1n step 770, and the method 700 ends at step 780.
Following the step 760, processing of the response may be
completed, for example, by emailing the response to the
appropriate person.

The foregoing examples are intended to be 1llustrative of a
preferred embodiment. In other embodiments, the methods
and apparatus may be performed or arranged 1n one or more
different sequences, or orgamizations, and may include fewer
or more steps or components, for example. Some examples
may include a program of instructions that 1s tangibly embod-
ied 1n an information carrier. When executed by a processor,
the program of instructions may perform steps of the method.
The information carrier may be included in an apparatus
capable of performing the method, such as an embodiment of
an intelligent classification system.

Updating Confidence Indicators

Confidence indicators may be updated, for example, each
time an agent selects either to accept or to reject an auto-
suggested response. The confidence indicator may be auto-
matically computed on an ongoing basis as responses are
suggested and responses are used. The confidence indication
may provide a number that can be compared to a threshold.
The threshold for each classification of response may be set
by the maintainer of the system. The value of the confidence
indicator may be updated using various techniques such as,
for example, various forms of weighted and moving averages.

In one example, the confidence indicator may be expressed
as a percentage of correct suggestions. This express may be
computed as a ratio of the number of times that a particular
auto-suggested response was suggested and used (selected)
by the agent (N ., to the total number of times that the
auto-suggested response was suggested (N).
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The numbers N ,,,and N. may be maintained, for example, 1n
counters 1n the confidence indicator repository 615 of FIG. 6.
In some embodiments, these numbers may be recorded 1n
memory for only a predetermined number of the most recent
previous responses. In some embodiments, a mimmum num-
ber of previous responses may be required to quality for the
computed confidence ratio to qualily as a basis for switching
the system to respond to 1n the auto-response mode. In some
embodiments, a qualifying number of minimum responses
may be limited to, for example, a predetermined recent period
of time and/or a particular agent.

In another example, the confidence indicator may be cal-
culated using an iterative formula. In some embodiments, this
may avoid numerical overtlow of the counters.

CL(t+1)=(1-€)C.L(T)+eA(T)

Using this approach, the next confidence indicator value 1s
the previous value times a number between zero and one, plus
the product of a user-selectable parameter € and A(t), where
e controls the rate of adaptation, and A(t) 1s 1 1f the agent
actually uses the auto-suggested response, but zero if the
agent does not. This approach does not require counters that
may be subject to overtlow.

In the foregoing approach, the parameter € may take on
values between zero and one. If €=0.5, for example, the new
confidence indicator value 1s based equally on a contribution
from the previous confidence indicator value and the current
determination as to whether the agent actually used the auto-
suggested response. However, 11 e<<0.1, for example, the
new confidence indicator value 1s based primarily on the
previous confidence indicator value. The value 1s incremen-
tally increased each time the agent actually used the auto-
suggested response, and incrementally decreased each time
the agent did not. Thereby, the confidence indicator adapts to
a value which after normalization 1s given by N . /N.. In
particular embodiments, normalization may involve calculat-
ing a sum (2C.1.) of all confidence indicators included in N,
and dividing each confidence indicator by 2C.1. Accordingly,
e may be defined for each classification separately as €(t) 1n
order to individually weigh the severity of the match or the
mismatch of the auto suggested response.

In various embodiments, the computation of a confidence
indicator may be modified or adapted to use a different for-
mulation to provide a different characteristic behavior from
the foregoing examples, but achieve the same basic result of
adjusting a confidence indicator based on selection or use of
auto-suggested responses. In some cases, the confidence level
may have a maximum at values other than one. For example,
increased confidence levels may be indicated by a confidence
indicator value that approaches zero. Other mathematical
representations, including reciprocals, exponentials, loga-
rithms, or unbounded limits may be used to represent relative
levels of confidence indicator values.

The statistical records used to determine or update the
conildence indicators, such as counts of previous suggestions
and uses of particular responses to classifications, may be
adapted to accumulate various statistical techniques. For
example, counts of the number of times a response has been
suggested (No) and actually used (N ,;,) may be a moving
average of a predetermined number of previous suggestions
(e.g., last 50 occurrences of a particular classification), or an
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average over a predetermined time period (e.g., last 2 weeks).
The maintainer may selectively edit data that i1s obsolete,
erroneous, exceptional (e.g., outlier), or otherwise undesir-
able mput to the confidence indicator value.

Furthermore, some formulations of the update algorithms,
methods, or systems may take differing user characteristics
into account. For example, the response selections of an expe-
rienced operator may be more heavily weighted than the
response selections of a less-experienced operator (e.g., by
corresponding choices of values for €(t)). As such, the impact
on the confidence indicator values of less experienced opera-
tors may be discounted. Similarly, discount factors may be
applied to the confidence indicator updating algorithms on
other bases, such as the relevance of a classification to the
operator’s area of qualification or expertise.

In addition to uses for selecting auto-suggested responses,
the confidence 1indicator techniques and associated apparatus
may be applied to auto-suggested categories, objects, or links,
such as may be used 1n query-based classification systems.

As has been described, and 1n accordance with certain
embodiments described 1n this disclosure, the process of
automatically responding to an incoming message may be
turther refined through the use of confidence indicators. In
some examples, a confidence indicator may be a value or
index associated with a particular solution and a particular
classification.

In some implementations, confidence indicators may indi-
cate a level of confidence 1n the quality of a “link,” or asso-
ciation, between a particular classification (or category) and
an object. The confidence indicator values may be used to
rank links between the particular classification and available
objects. Confidence indicators may also be used to 1dentily
which category-solution link has the highest confidence 1ndi-
cator value. In one example, the object associated with the
highest confidence indicator value may be selected for further
operations, such as an auto-response function. In some
embodiments, only confidence indicator values that exceed a
predetermined threshold may quality to be considered for
turther operations.

In some examples, confidence indicators may be consid-
ered to be a value associated with a link defined between a
particular classification (e.g., a category), and a particular
object (e.g., solution). The classification may be a category,
such as a hierarchical category.

In various embodiments, a new intelligent classification
system may use compiled statistics to select between two
modes of operation based on a computed “confidence” that an
agent would select a particular response to a message having
a particular classification. In the first (low confidence) mode,
an agent manually selects how to respond to an mmcoming
message. In the second (high confidence) mode, the new
system may auto-suggest or auto-respond to mmcoming mes-
sages. The second mode may be selected when an incoming,
message falls into a classification in which a high level of
confidence has been established.

Whether a high confidence has been established 1s deter-
mined from the classification of the incoming message, the
frequency with which particular responses have been selected
to respond to incoming messages having the same classifica-
tion, and a predetermined confidence threshold. If a particular
response associated with the classification exceeds the con-
fidence threshold, then the system may, for example, auto-
matically suggest responses or automatically respond to that
particular content without agent involvement.

In processes that can automatically suggest a proposed
classification (e.g., an auto-suggested category) based on tex-
tual and context information, a human operator (agent) may
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be prompted to accept or reject auto-suggested proposals. In
such processes, the operator’s manual selections may be
monitored and recorded, or compiled for statistical analysis.
For example, the process may track how many times a par-
ticular classification has been auto-suggested to the agent,
and how many times the agent actually selected and used an
auto-suggested object to respond to an incoming message.

In one 1implementation, a text-processing system, such as
an Email Response Management System (ERMS), 1s capable
of maintaining confidence indicators that correspond to deci-
sions made by the system while processing textual informa-
tion. For example, the ERMS may maintain a separate con-
fidence indicator associated with automatic suggestions of
email content categorization, email response templates, and
response solutions. When an agent accepts an automatic sug-
gestion for one of these tunctions, the corresponding contfi-
dence indicator may increase. Conversely, 1f the agent rejects
the automatic suggestion, the corresponding confidence indi-
cator may decrease. Accordingly, confidence indicator values
for some classifications may be established, for example,
through statistical records from on-line usage by recording
suggested responses and actual responses linked to specific
classifications.

Alternatively, confidence indicator values may be estab-
lished by using other methods. In one case, confidence 1ndi-
cators may be established by an operator who can determine
an 1mitial value for the confidence indicators. For example, the
knowledge engineer 130 may impose an 1nitial, a minimum,
or a maximum value for the confidence indicator associated
with a link between a particular response and a particular
classification. In certain implementations, the knowledge
engineer 130 may alter the update dynamics of the confidence
indicator, for example, by defining the incremental rate and/
or conditions for increasing or decreasing the confidence
indicator value.

In some 1implementations, the incremental rate or condi-
tions for increasing the value may be different than the incre-
mental rate for decreasing the value. As such, the knowledge
engineer may define asymmetric incremental update rates,
for example, to achieve faster emergence of high levels of
confldence 1n certain links, or to achieve a higher selectivity.
For example, 1f the incremental rate of increase 1s defined to
be smaller than the incremental rate of decrease, then a higher
proportion of correct suggestions 1s required to drive the
confidence value above a particular threshold. As an 1llustra-
tion, if the confidence indicator for a link increases by 1%
cach time the suggested response 1s selected, and if the con-
fidence 1indicator decreases by 2% each time that suggested
response 1s not selected, then twice as many correct sugges-
tions as mcorrect suggestions are required just to support the
current value of the confidence indicator. As such, this 1s one
example of a selective update algorithm that may be imple-
mented in the system 600.

Confidence indicator values may be established over time
based on collected statistical information. The value of a
particular confidence indicator at any given time may be used
to select a response with the highest confidence level from
among available candidate responses that have a confidence
indicator value above a predetermined threshold. The
selected response may be applied as an automated response,
for example.

An ERMS may classily incoming messages using an intel-
ligent classification scheme such as query-based or example-
based classification. Query-based classification 1s described
in detail in commonly-assigned co-pending U.S. patent appli-
cation Ser. No. 10/822,612, filed Apr. 12, 2004, by C. Ron-

newinkel, the entire contents of which are incorporated herein
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by reference. After classifying a message, the intelligent clas-
sification system may auto-suggest quick solutions, experts,
and response templates, and may also use predefined rules to
determine how to process the incoming e-mail message.

As described above according to one implementation, the
system may automatically respond to an incoming message
based upon a level of classification accuracy calculated by the
classifier 60 (FIG. 1). In one example, the recommendation
module 605 may be arranged to record agent-selected
responses to incoming messages. In particular, agents may
select auto-suggested responses according to their classifica-
tion, or they may manually classily incoming messages. Dur-
ing run-time, the mtelligent classification system may record
and compile statistics that may be used to predict which
response each agent 1s most likely to choose when responding,
to an incoming message of a given classification. The classi-
fication may be made using any suitable classification
method, including example-based or query-based classifica-
tion, for example.

Accordingly, 1n some embodiments, the recommendation
module 605 (or other processing module) may collect infor-
mation about auto-suggested classifications made by the sys-
tem and 1information about responses selected by agents. In
such embodiments, the recommendation module 605 may
also determine an accuracy measure associated with the clas-
sification of the incoming message and an accuracy measure
associated with the suggested objects for the incoming mes-
sage. The determined accuracies may be, for example,
expressed as a values between zero and one, but may also take
on other predetermined ranges, such as a percentage.

Various features of the system may be implemented 1n
hardware, software, or a combination of hardware and soft-
ware. For example, some features of the system may be
implemented in computer programs executing on programs-
mable computers. Each program may be implemented 1n a
high level procedural or object-oriented programming lan-
guage to communicate with a computer system or other
machine. Furthermore, each such computer program may be
stored on a storage medium such as read-only-memory
(ROM) readable by a general or special purpose program-
mable computer or processor, for configuring and operating,
the computer to perform the functions described above.

Other implementations are within the scope of the claims.

What 1s claimed 1s:
1. A method, comprising;:

determining a confidence indicator (CI) for at least one
candidate class for an imncoming message received 1n a
response management system, each CI being a function
ol a comparison between previous selections of the can-
didate class and previous suggestions of the candidate
class for previous messages having one or more similar
features, wherein each determined CI represents a like-
lihood that the corresponding candidate class matches
the incoming message, wherein the response manage-
ment system comprises at least one computer and at least
one knowledge base, wherein the at least one knowledge
base comprises information related to previous selec-
tions of the candidate class and previous suggestions of
the candidate class for previous messages having one or
more similar features, and wherein determining the Cl 1s
performed at the at least one computer using the at least
one knowledge base;

identifying at the at least one computer one or more can-
didate classes that match the incoming message based
on class weights that are functions of each of the deter-
mined Cls;
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calculating at the at least one computer a classification
accuracy measure that 1s a function of the class weights;

selecting at the at least one computer between a manual and
an automatic classification mode of operation by com-
paring the calculated classification accuracy measure to
a predetermined threshold; and

generating at the at least one computer an electronic mes-
sage for transmission by the response management sys-
tem 1n response to the received incoming message,
wherein the generated electronic message includes
information related to at least one of the 1dentified can-
didate classes.
2. The method of claim 1, further comprising automatically
sending at least one of the 1dentified candidate classes 1if the
automatic classification mode of operation 1s selected.
3. The method of claim 1, further comprising providing,
information about candidate classes to a user 1f the manual
classification mode of operation 1s selected.
4. The method of claim 3, further comprising:
in response to the user selecting a candidate class, updating
the CI for the selected candidate class to represent an
increased likelthood that the selected candidate class
will match a future mmcoming message having one or
more features that are similar to features of the present
Incoming message.

5. The method of claim 4, further comprising;

for each candidate class provided to the user and not
selected by the user, updating the CI for that candidate
class to represent a decreased likelihood that the candi-
date class will match a future incoming message having
one or more features that are similar to features of the
present incoming message.

6. The method of claim 1, wherein identifying one or more
matching candidate classes further comprises identifying
candidate classes associated with the highest CI from among
the candidate classes.

7. The method of claim 1, wherein the class weights are
turther functions of class scores associated with text-mining.

8. The method of claim 1, wherein the candidate classes are
arranged 1n a hierarchy.

9. The method of claim 8, wherein 1dentifying at least one
suificiently accurate candidate class further comprises 1den-
tifying a candidate class that 1s at the lowest level relative to
the hierarchy levels of the other candidate classes.

10. A method, comprising:

determining a confidence indicator (CI) for at least one

candidate object associated with a candidate class for an
incoming message received 1n a response management
system, each CI being a function of a comparison
between previous selections of the object and previous
suggestions of the object for previous messages having,
the same class as the corresponding candidate class,
wherein each determined CI represents a likelihood that
a corresponding object matches the incoming message,
wherein the response management system comprises at
least one computer and at least one knowledge base,
wherein the at least one knowledge base comprises
information related to previous selections of the object
and previous suggestions of the object for previous mes-
sages having the same class as the corresponding candi-
date class, and wherein determining the CI 1s performed
at the at least one computer using the at least one knowl-
edge base;

identilying at the at least one computer one or more can-

didate objects that match the incoming message based
on object weights that are functions of each of the deter-
mined ClIs;
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calculating at the at least one computer a suggestion accu-
racy measure that 1s a function of the object weights;

selecting at the at least one computer between amanual and
an automatic suggestion mode of operation by compar-
ing the calculated suggestion accuracy measure to a
predetermined threshold; and

generating at the at least one computer an electronic mes-

sage for transmission by the response management sys-
tem 1n response to the received incoming message,
wherein the generated electronic message includes
information related to at least one of the identified can-
didate objects.

11. The method of claim 10, further comprising automati-
cally sending a response based on one or more of the 1denti-
fied objects 11 the automatic suggestion mode of operation 1s
selected.

12. The method of claim 10, further comprising providing
information about candidate objects to a user 11 the manual
suggestion mode of operation 1s selected.

13. The method of claim 12, further comprising:

in response to the user selecting one of the candidate

objects, updating the CI for the selected object to repre-
sent an increased likelihood that the selected object will
match a future incoming message having the same class
as the present incoming message.

14. The method of claim 13, further comprising:

for each of the candidate objects provided to the user and
not selected by the user, updating the CI to represent a
decreased likelihood that the object will match a future
incoming message having the same class as the present
Incoming message.
15. The method of claim 10, wherein identifying one or
more candidate objects further comprises identifying a can-
didate object associated with the highest CI from among the

candidate objects.

16. The method of claim 10, wherein the object weights are
turther functions of class confidence indicators (CCls) and
class scores associated with text-mining,

wherein each CCI 1s a function of a comparison between

previous selections of the candidate class and previous
suggestions of the candidate class for previous messages
having one or more similar features, and each CCI rep-
resents a likelihood that the corresponding candidate
class matches the incoming message.

17. The method of claim 10, wherein the candidate objects
comprise mformation that may be contained 1n a response
message.

18. The method of claim 10, wherein the candidate objects
comprise an 1struction to contact to an expert.

19. A computer program product tangibly embodied 1n a
machine-readable storage medium and containing instruc-
tions that, when executed on a processor, cause the processor
to perform operations, the operations comprising;:
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determiming a class confidence indicator (CCI) for at least
one candidate class for an incoming message received 1n
a response management system, each CCI being a func-
tion of a comparison between previous selections of the
candidate class and previous suggestions of the candi-
date class for previous messages having one or more
similar features, wherein each determined CCI repre-
sents a likelithood that a corresponding candidate class
matches the mmcoming message, wherein the response
management system comprises at least one computer
and at least one knowledge base, wherein the at least one
knowledge base comprises information related to previ-
ous selections of the candidate class and previous sug-
gestions of the candidate class for previous messages
having one or more similar features, and wherein deter-
mining the CCI 1s performed at the at least one computer
using the at least one knowledge base;

identifying at the at least one computer one or more can-
didate classes that match the incoming message based
on class weights that are functions of each of the deter-
mined CCls;

calculating at the at least one computer a classification
accuracy measure that 1s a function of the class weights;

selecting at the at least one computer between a manual and
an automatic classification mode of operation by com-
paring the calculated classification accuracy measure to
a predetermined threshold; and

generating at the at least one computer an electronic mes-
sage for transmission by the response management sys-
tem 1n response to the received incoming message,
wherein the generated electronic message includes
information related to at least one of the 1dentified can-
didate classes.

20. The computer program product of claim 19, the opera-

tions further comprising:

determining an object confidence indicator (OCI) for at
least one candidate object associated with one of the
candidate classes, each OCI being a function of a com-
parison between previous selections of the object and
previous suggestions of the object for previous messages
having the same class as the corresponding candidate
class, wherein each determined OCI represents a likeli-
hood that a corresponding object matches the mncoming
message;

identifying one or more candidate objects that match the
incoming message based on object weights that are
functions of each of the determined OClIs;

calculating a suggestion accuracy measure that 1s a func-
tion of the object weights; and

selecting between a manual and an automatic suggestion
mode of operation by comparing the calculated sugges-
tion accuracy measure to a predetermined threshold.
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